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Abstract: Over the last few decades, small-scale irrigation has been implemented in Burkina Faso
as a strategy to mitigate the impacts of adverse climate conditions. However, the development
of irrigated perimeters around small and medium water reservoirs has put the water resources
under significant pressure, given the uncontrolled exploitation and lack of efficacious management
plan. Insights into changes in irrigated areas around these reservoirs are therefore crucial for their
sustainable management while meeting the different agricultural water needs. They will help to
center policy priorities in terms of major impacts on the reservoirs; and thereby elaborate relevant
mitigation and/or adaptation strategies. The main objectives of this study were to (1) quantify the
changes in irrigated land areas surrounding the Mogtedo water reservoir between 1987 and 2015; and
(2) determine whether the irrigable potential of this reservoir could sustainably meet the agricultural
water needs under a more variable and changing climate. A low-cost remote sensing method based
on Landsat imagery (Thematic Mapper, Enhanced Thematic Mapper Plus, and Operational Land
Imager) and using Support Vector Machine (SVM) classification was developed to detect the changes
in proportion of land use/land cover (LULC) in the Mogtedo region. A forward and backward change
detection analysis requiring agronomic expertise was also applied to correct the pixels temporal
trajectories. In addition, an intensity analysis was performed to assess land changes at time intervals,
category, and transition levels. Five main LULC classes were identified: bare and hydromorphic soils,
irrigated and rainfed agricultural areas, and water bodies. Overall, the classification of LULC was
satisfactory with the overall accuracy and kappa coefficients ranging from 94.22 to 95.60% and 0.92 to
0.94, respectively. Results showed that LULC transformations were faster between 2000 and 2015,
compared to the 1987–2000 period. The majority of categories (LULC classes) were active in terms of
intensity of change (gain or loss) during the 1987–2000 and 2000–2015 periods, except hydromorphic
soils. During these periods, the transition from rainfed agricultural areas to irrigated agricultural
areas were targeted and stationary. Our findings revealed a 54% increase in irrigated areas between
1987 and 2015. The reservoir water volume decreased markedly from 9,077,000 m3 to 7,100,000 m3
during the same period. Such a decrease threatens the satisfaction of agricultural water requirements,
since the reservoir is the unique source of irrigation water in the region. It could potentially lead
to conflicts between users if adequate strategies for the sustainable management of the Mogtedo
reservoir are not implemented. The methodology used in this study also addressed the challenge
of building up historical spatial information database in data-scarce environments, and could be
replicated readily in regions or countries like Burkina Faso.
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1. Introduction
Agriculture plays a crucial role in the economy of Burkina Faso, contributing to about 30% of the
gross domestic product and employing over 90% of the workforce [1]. The agricultural sector faces
many challenges including the year-to-year rainfall variability, poor access to irrigation water, land
pressure, land tenure insecurity, expensive inputs and equipment, limited access to credit for farmers,
and limited knowledge and capacity of farmers. For instance, the year-to-year rainfall variability
across the Sahelian zone, including Burkina Faso, has been marked by a decrease in annual rainfall up
to 40% during 1950–2000 [2–7]. In Burkina Faso, agricultural production is predominantly rainfed
and farmers are typically traditional subsistence farmers. To address the negative impacts of annual
rainfall variability on crop production and help farmers maintain satisfactory production over years,
several governmental policy measures and programs were implemented, e.g., construction of large
hydro-agricultural areas consisting of dams and irrigated perimeters in the 1970–1980s, and small-scale
irrigation in the 2000s [1,8,9]. Hydro-agricultural areas more than doubled (> 60%) across the country
during the 2006–2013 period, with public expenditure for irrigation infrastructure rising from 6.6 billion
to 14.7 billion FCFA (about US $14 to 29 million) over 2009–2010 [1,8,10]. The development of irrigated
perimeters around small and medium water reservoirs has put significant pressure on available water
for irrigated agriculture, given the uncontrolled exploitation and lack of efficacious management plan
and tools. Thus, a good knowledge of the water availability and proportion of irrigated land areas
around the reservoir over time is crucial for a sustainable management of these irrigated areas.
Although mapping of irrigated areas is challenging due to the diverse range of irrigated plot
sizes, crops, and water sources used by farmers, satellite remote sensing (RS) has emerged as an
effective tool to monitor irrigated lands over a variety of climatic conditions and locations [11–14].
Satellite RS-based approaches are cost effective and less time-consuming than traditional statistical
surveys. Particularly, they are valuable for monitoring irrigated land areas in developing countries,
where funds are limited and few objective information is available [12]. The use of RS to identify
irrigated land areas has been extensively demonstrated in various studies (see Ozdogan et al. [12] for a
review). For example, Gumma et al. [13] separated irrigated and non-irrigated areas for the whole land
area in Ghana using Landsat Enhanced Thematic Mapper Plus (ETM+) and MODIS 250 m data. The
classification of land use/land cover (LULC) was performed using unsupervised ISOCLASS clustering
K-means and decision-tree algorithms [13]. Similarly, Zoungrana et al. [15] and Knauer et al. [16]
used multi-date or multi-temporal Landsat and MODIS images for the detection of changes in LULC
(including agricultural lands and irrigated areas) for regions in southwest Burkina Faso in the former
study, and for entire Burkina Faso in the latter. In both studies, the classification was carried out using
random forest classification approach [15,16]. Traoré et al. [17] used a different classification technique
(i.e., maximum likelihood classifier, MLC) with Landsat imagery and aerial photographs to assess the
evolution over time of the irrigated areas in the Kou watershed, Burkina Faso. In this latter study, the
authors pointed out the need for a methodology to better assess the changes in rural irrigated areas
over time based on historical RS images for regions with scarce historical LULC, and thus improve the
overall management of irrigated areas in the country.
Although support vector machine (SVM) has been used successfully for LULC classification in
various regions worldwide (e.g., [18–20]), it has been applied in study regions in Burkina Faso for
mapping soil properties [21] or urban development patterns [22], and has yet to be investigated for
monitoring irrigated areas. The aims of this study were to (1) assess the changes in irrigated agricultural
areas around the Mogtedo water reservoir in Burkina Faso between 1987 and 2015 using Landsat
imagery and SVM classification, and (2) determine whether the irrigable potential of this reservoir
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could sustainably meet the agricultural water needs under a more variable and changing climate. The
findings of this study would help to improve the monitoring of irrigated agricultural areas across the
Mogtedo region and center policy priorities in terms of major impacts on the reservoir, and thereby
elaborate relevant mitigation and/or adaptation strategies.
2. Study Area
The Mogtedo water reservoir is located 85 km east of Ouagadougou, Burkina Faso, in the Plateau
Central administrative district (Figure 1). There are three localities around the Mogtedo reservoir:
Talembika and Zam in the municipality of Zam and Mogtedo in the municipality of Mogtedo. Vertisols
are the dominant soil types in areas around the reservoir (Figure 1). The climate in the Mogtedo region
is characterized by two seasons: a dry season from October to May, and a wet or monsoon season from
June to September [23–25]. The average annual rainfall is about 800 mm and varies between 600 and
1100 mm [26,27]. Like the majority of Sahelian regions, there is a decreasing trend in annual rainfall
across the Mogtedo region, clearly noticeable during the 1950–1990 period (Figure 2).
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Figure 2. Annual rainfall in the Mogtedo region during 1950–2014. Trend lines for the periods 1950–1990
and 1990–2014 are shown.
The Mogtedo water reservoir was built in 1963 through programs funded by the Fonds Européen
de Développement (FED) and the Fonds d’Aide à la Coopération (FAC). The reservoir is the main source of
water for socio-economic activities of populations in Zam and Mogtedo municipalities [25]. The main
watercourse of the study area is the Bomboré, a tributary of the Nakanbé watercourse (Figure 1). The
estimated water volume in the Mogtedo reservoir varies from study to study. Ndanga Kouali [28]
estimated the volume at 4,657,000 m3, whereas Guyon et al. [29] estimated it at 7,100,000 m3. The latter
estimate was based on a Differential Global Positioning System (DGPS) topography and bathymetry
with more than 2,000 measurement points, and will be used in our next analyses.
Irrigation is the predominant water use around the Mogtedo reservoir. The irrigated perimeter
was built downstream of the reservoir in 1967 and consisted of a formal development of 123 ha of
farms [30]. Although the number of farmers in the perimeter varies between 400–500 [26], the total
number could be the double if smallholders farms outside the perimeter who also rely on the water
reservoir are counted.
3. Materials and Methods
To assess the changes in irrigated agricultural areas around the Mogtedo reservoir, Landsat
images from three different sensors were used: Landsat-5 TM, Landsat-7 ETM+ and Landsat-8
OLI (Table 1). They were sourced from the United States Geological Survey (USGS) website (https:
//earthexplorer.usgs.gov/). Images taken between January and February were considered in the study
because this period corresponds to predominant irrigation activities in the st dy area. The study area
delineated on Landsat images has 159,201 pixels.
Table 1. Landsat images used for mapping irrigated areas in the Mogtedo region, Burkina Faso.
Images Acquisition Date Path Row Spatial Resolution (m) Bands Used
Landsat-5 TM 15 February 1987 194 52 30 1, 2, 3, 4, 5, 7
Landsat-7 ETM+ 11 February 2000 194 52 30 1, 2, 3, 4, 5, 7
Landsat-8 OLI 27 January 2015 194 52 30 2, 3, 4, 5, 6, 7
The methodology used to classify the LULC classes across the Mogtedo region included the
following steps (Figure 3).
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Figure 3. Flowchart of the data inputs, key procedures and data processing for mapping irrigated areas
in the Mogtedo region, Burkina Faso.
3.1. Radiometric C rrections
Radiometric corrections were carried out to attenuate the atmospheric effects and provide a
basis for standardized comparison of data from images acquired on different dates or by different
sensors [31]. The nversions ere pe formed followi g Chander and Markham [32] and Chander
et al. [33].
3.2. Selection of Training and Validation Areas
Five main LULC classes were identified across the study area: bare soils, hydromorphic soils,
irrigated areas, agricultural rainfed areas, and water bodies. The total number of training and validation
samples varied according to LULC class and Landsat image. The number of pixel samples for irrigated
areas ranged from 382 (Landsat TM) to 570 (L sat ETM+ and OLI). That of rainfed areas and w ter
bodies were 656 and 246, respectively, regardless of the i ( able S1). The final reference
dataset for training and validation cont ined 3030 pixels for the year 1987, and 3204 pixels f r e ch of
th ye rs 2000 and 2015. We used two-thirds of the sample for training and the remaining one-third
for validation.
Remote Sens. 2019, 11, 1442 6 of 18
On the 1987 Landsat image, pixel samples were selected based on visual interpretations and
historical data provided by farmers and local authorities. The historical data were collected through
a survey involving more than 400 stakeholders. Details of the survey methodology can be found in
Wellens [34]. The assessment of historical LULC was limited by the lack of ground truth information
for past years. On the 2000 and 2015 Landsat images, the selection of pixel samples was carried out
using Google Earth high resolution imagery. Spatially homogenous known areas of the respective
LULC class were delineated by a polygon and the class was identified.
A separability analysis of LULC classes using the Jeffries-Matusita index [35] showed a separability
ranging from 1.3 to 2.0.
3.3. Support Vector Machine Classification
The SVM classification method is a supervised non-parametric statistical learning technique [36–38].
SVMs have gained prominence because they are robust and can handle relatively small datasets [38,39].
A comprehensive theoretical description of SVMs is provided in Vapnik [38] and Huang et al. [40]. In
our study, the default ‘radial basis function’ kernel was used for the SVM classifier.
Additionally, a comparison between the SVM and the Maximum Likelihood Classifier (MLC)
techniques was carried out to evaluate the classification performance.
Errors in LULC classification occur generally because of noises induced by similarities in the
spectral responses of some types of plant cover [41]. The quality of LULC classifications was assessed
using the overall accuracy (OA) and kappa coefficient [42–45].
3.4. Images Post-Processing and Final Classification Assessment
A post-processing step was carried out through a pixel trajectory analysis to detect and correct the
changes occurring in each pixel over time. Given the significant development of agriculture (irrigated
and rainfed) in the study region, it would be unlikely to see a transition from cultivated farmland
to bare soil. The definitive inclusion of a given pixel into a LULC class was controlled using rules
based on the observed trends of this respective LULC over time. Thus, all unlikely trajectories for a
given classified pixel were corrected using these rules. The RS images were then reclassified, and the
classification reassessed using the same training and validation areas as defined in Section 3.2.
3.5. Change Assessment
An intensity analysis was performed to assess the changes in LULC classes between 1987, 2000,
and 2015 [46,47]. This method has been used extensively to understand LULC changes (e.g., [48–52]).
We used the approach proposed by [53] which can identify whether the pattern of a LULC class is
stable across time intervals in terms of the intensity of gains and losses. Readers are referred to [53]
and Koglo et al. [50] for a full description of the method.
RS images were processed using the Harris Geospatial Solutions™ ENVI® program and ESRI™
ArcGIS® Desktop suite. LULC classification and intensity analyses were performed using the R
Language and Environment for Statistical Computing [54].
4. Results and Discussion
4.1. Accuracy Assessment before Pixel Trajectory Corrections
The OA of the three Landsat images were ≥ 88%, with the highest OA obtained for the 2015
image (Table 2). All the kappa coefficients were excellent based on the recommendations of Landis and
Koch [45] and Streiner and Norman [55]. They ranged from 0.84 to 0.97 (Table 2).
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Table 2. Accuracy assessment before pixel trajectory corrections.
Images Overall Accuracy (%) Kappa Coefficient Agreement *
Landsat-5 TM 88.48 0.84 Excellent
Landsat-7 ETM+ 90.98 0.87 Excellent
Landsat-8 OLI 95.26 0.94 Excellent
* According to Landis and Koch [45] and Streiner and Norman [55].
The detailed accuracies for each of the LULC classes in the study area are provided in Table 3. The
overall user accuracy was high and ranged from 78% to 100%. The confusion between LULC classes
on all three Landsat images varied according to the class and the image. For the 1987 image (Landsat 5
TM), confusions were noticeable between hydromorphic and bare soils (16.33% hydromorphic soils
classified as bare soils) and between rainfed areas and bare soils (13.11% rainfed areas classified as
bare soils). Such confusions can be related to the lack of historical ground truth data (i.e., surveys,
inventories, or testimonies of local people) to assess the sampling of LULC classes. For the 2015
Landsat image the confusions between hydromorphic and bare soils or rainfed areas and bare soils
were reduced (Table 3). Distinctions between irrigated areas and rainfed areas were clear, with the
confusion between these two classes being < 1%, regardless of the image. The results of this first LULC
classification are depicted in Figure 4. There was an increase in proportion of irrigated agricultural
areas during the study period. Bare soils and agricultural rainfed areas around the reservoir were
converted into agricultural irrigated areas between 1987 and 2015. The reservoir area also decreased
between the same period (Figure 4A,C). Regarding the misclassifications, an example is shown on the
1987 Landsat image with the ‘presence’ of irrigated agricultural areas across the southeastern parts of
the reservoir, which was anomalous (see red circle on Figure 4A).
Table 3. Classification accuracy (expressed in %) before pixel trajectory corrections for each of the











Bare soil 90.73 16.33 0.52 13.11 0 88.88
Hydromorphic
soil 3.71 73.87 1.57 3.66 0 78.61
Irrigated areas 0.07 2.01 97.38 0 0 97.64
Rainfed areas 5.49 7.54 0.52 83.23 0 83.74
Water bodies 0 0.25 0 0 100 99.6
Landsat 7 ETM+
Bare soil 91.25 9.64 0.53 13.26 0 90.64
Hydromorphic
soil 2.3 84.64 2.11 0.61 0 87.37
Irrigated areas 0 1.82 96.49 0.15 0 98.57
Rainfed areas 6.45 3.39 0.88 85.98 0 84.3
Water bodies 0 0.52 0 0 100 99.19
Landsat-8 OLI
Bare soil 95.4 2.6 0 3.2 0 97.65
Hydromorphic
soil 1.34 90.36 2.81 2.13 0 87.85
Irrigated areas 0.07 3.65 97.19 0.3 0 97.02
Rainfed areas 3.19 3.39 0 94.36 0 91.7
Water bodies 0 0 0 0 100 100
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Figure 4. Initial classification of the different satellite images. (A) Landsat-5 TM image (15 February
1987); (B) Landsat-7 ETM+ image (11 February 2000); (C) Landsat-8 OLI image (27 January 2015).
4.2. Pixel Temporal Trajectory Analysis and Trajectory Corrections
Given the development of agricultural activities in the Mogtedo region and based on the field
surveys and information provided by farmers and local authorities, it would be unlikely to see
trajectories where the acreage of irrigated agricultural areas tended to be reduced over time. Examples
of incorrect pixel trajectory are provided as follows:
• Transition from irrigated areas to rainfed areas: rainfed agriculture was practiced on the hillsides,
while irrigated areas were found close to the water reservoir where flooding could occur during
the rainy season.
• Transition from irrigated areas to bare soil: fallow was not an option in crop rotation in
irrigated areas.
• Transition from irrigated areas to water bodies.
Table 4 shows the 125 unique pixel trajectories (initial and corrected) for the five LULC classes
across the study region. For example, in case 5 in Table 4, the pixel was initially classified as bare soil
(1) in 1987 and 2000, and then as water body (5) in 2015. The latter class attributed to that pixel being
incorrect, it was corrected and bare soil was chosen for all three years.
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1 1->1->1 1->1->1 41 2->4->1 1->1->1 81 4->2->1 1->1->1 121 5->5->1 5->5->2
2 1->1->2 1->1->1 42 2->4->2 2->2->2 82 4->2->2 2->2->2 122 5->5->2 5->5->2
3 1->1->3 1->1->3 43 2->4->3 4->4->4 83 4->2->3 4->4->4 123 5->5->3 5->5->2
4 1->1->4 1->1->4 44 2->4->4 4->4->4 84 4->2->4 4->4->4 124 5->5->4 5->5->2
5 1->1->5 1->1->1 45 2->4->5 5->5->5 85 4->2->5 5->5->5 125 5->5->5 5->5->5
6 1->2->1 1->1->1 46 2->5->1 1->1->1 86 4->3->1 1->1->1
7 1->2->2 2->2->2 47 2->5->2 2->2->2 87 4->3->2 2->2->2
8 1->2->3 1->1->3 48 2->5->3 2->2->3 88 4->3->3 4->3->3
9 1->2->4 1->1->4 49 2->5->4 2->2->2 89 4->3->4 4->4->4
10 1->2->5 2->2->2 50 2->5->5 5->5->5 90 4->3->5 5->5->5
11 1->3->1 1->1->1 51 3->1->1 1->1->1 91 4->4->1 4->4->4
12 1->3->2 2->2->2 52 3->1->2 2->2->2 92 4->4->2 4->4->4
13 1->3->3 1->3->3 53 3->1->3 3->3->3 93 4->4->3 4->4->3
14 1->3->4 1->1->4 54 3->1->4 1->1->4 94 4->4->4 4->4->4
15 1->3->5 5->5->5 55 3->1->5 5->5->5 95 4->4->5 5->5->5
16 1->4->1 1->1->1 56 3->2->1 1->1->1 96 4->5->1 1->1->1
17 1->4->2 1->4->4 57 3->2->2 2->2->2 97 4->5->2 2->2->2
18 1->4->3 1->4->4 58 3->2->3 3->3->3 98 4->5->3 4->4->4
19 1->4->4 1->1->4 59 3->2->4 4->4->4 99 4->5->4 4->4->4
20 1->4->5 5->5->5 60 3->2->4 5->5->5 100 4->5->5 5->5->5
21 1->5->1 1->1->1 61 3->3->1 3->3->3 101 5->1->1 1->1->1
22 1->5->2 2->2->2 62 3->3->2 3->3->3 102 5->1->2 5->2->2
23 1->5->3 2->2->2 63 3->3->3 3->3->3 103 5->1->3 5->2->3
24 1->5->4 1->4->4 64 3->3->4 3->3->3 104 5->1->4 1->1->4
25 1->5->5 5->5->5 65 3->3->5 5->5->5 105 5->1->5 5->5->5
26 2->1->1 1->1->1 66 3->4->1 1->1->1 106 5->2->1 5->2->2
27 2->1->2 2->2->2 67 3->4->2 2->2->2 107 5->2->2 5->2->2
28 2->1->3 1->1->3 68 3->4->3 3->3->3 108 5->2->3 5->2->3
29 2->1->4 1->1->4 69 3->4->4 4->4->4 109 5->2->4 5->2->2
30 2->1->5 5->5->5 70 3->4->5 5->5->5 110 5->2->5 5->5->5
31 2->2->1 2->2->2 71 3->5->1 1->1->1 111 5->3->1 1->1->1
32 2->2->2 2->2->2 72 3->5->2 2->2->2 112 5->3->2 5->2->2
33 2->2->3 2->2->2 73 3->5->3 3->3->3 113 5->3->3 5->3->3
34 2->2->4 2->2->2 74 3->5->4 4->4->4 114 5->3->4 4->4->4
35 2->2->5 5->5->5 75 3->5->5 5->5->5 115 5->3->5 5->5->5
36 2->3->1 1->1->1 76 4->1->1 1->1->1 116 5->4->1 1->1->1
37 2->3->2 2->2->2 77 4->1->2 2->2->2 117 5->4->2 5->2->2
38 2->3->3 3->3->3 78 4->1->3 1->1->3 118 5->4->3 5->3->3
39 2->3->4 4->4->4 79 4->1->4 4->4->4 119 5->4->4 4->4->4
40 2->3->5 5->5->5 80 4->1->5 5->5->5 120 5->4->5 5->5->5
1: Bare soil; 2: Hydromorphic soil; 3: Agricultural irrigated areas; 4: Agricultural rainfed areas; 5: Water body.
4.3. Accuracy Assessment after Pixel Trajectory Corrections
The OA was improved after the corrections, particularly for the 1987 and 2000 images (Landsat 5
TM and Landsat 7 ETM+) (Table 5). The OA increased from 88.48% to 94.22% for the Landsat 5 TM
image, and from 90.98% to 95.38% for the Landsat 7 ETM+ image. Similar improvements were also
found for kappa coefficients (Table 5).
Table 5. Accuracy assessment after pixel trajectory corrections.
Images Overall Accuracy(%) Kappa Coefficient Agreement*
Landsat-5 TM 94.22 0.92 Excellent
Landsat-7 ETM+ 95.38 0.94 Excellent
Landsat-8 OLI 95.60 0.94 Excellent
*According to Landis and Koch [45] and Streiner and Norman [55].
Likewise, with regards to LULC classification, there was an improvement in the accuracy (Table 6).
The user accuracy remained high and ranged from 89.09 to 100%. Confusions between classes were
reduced in the majority of cases for all three images, except between rainfed areas and bare soils on the
Landsat 5 TM image (confusion of 14.02%). Although the results were satisfactory, it is worth noting
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that for features smaller than one Landsat pixel (for example, very small farms) or mixed-crop areas
pixels, the distinction between classes can be difficult and would result in mixed-class pixels [12].
Table 6. Classification accuracy (expressed in %) after pixel trajectory corrections for each of the LULC











Bare soil 96.96 5.78 0.52 14.02 0 91.78
Hydromorphic soil 0.89 91.21 0 0.46 0 96.03
Irrigated areas 0 1.26 98.95 0 0 98.69
Rainfed areas 2.15 1.51 0.52 85.52 0 93.81
Water bodies 0 0.25 0 0 100 99.6
Landsat 7 ETM+
Bare soil 96.51 4.43 1.4 4.73 0 95.87
Hydromorphic soil 0.89 91.15 3.33 0.46 0 91.15
Irrigated areas 0 1.3 94.21 0 0 99.08
Rainfed areas 2.6 2.6 1.05 94.82 0 92.42
Water bodies 0 0.52 0 0 100 99.19
Landsat-8 OLI
Bare soil 94.44 3.65 0 1.07 0 98.38
Hydromorphic soil 0.89 91.67 3.33 0.46 0 91.19
Irrigated areas 0 1.56 95.96 0.15 0 98.74
Rainfed areas 4.67 3.13 0.7 98.32 0 89.09
Water bodies 0 0 0 0 100 100
A visual analysis of all LULC classes in the Mogtedo region between 1987, 2000, and 2015 confirms
the main results found before the image post-processing (pixel trajectory corrections); that is, increased
proportions of irrigated areas around the reservoir and hydromorphic soils, and a decrease in water
bodies (Figure 5).
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4.4. Changes of LULC Classes Between 1987 and 2015
The proportion of changes in LULC classes between the three time intervals 1987–2000, 2000–2015,
and 1987–2015 are presented in Figure 6 and Tables S2 and S3. For a given LULC class, total, net,
and swap changes were computed [49,50,53]. The total change is the sum of gross gain and loss in
percentage of map. The net change corresponds to the difference between the gross gain and loss, and
the swap change refers to the difference between the total and net changes. Between 1987 and 2000
irrigated and rainfed agricultural areas increased by 0.58% and 5.34%, respectively (percentage of net
changes in Figure 6A). This reflects a dynamic within the agricultural sector linked to the settlement
of new migrant farmers in the Mogtedo region. The increase in irrigated agricultural areas (+ 1.18%;
Figure 6B) observed between 2000 and 2015 could be explained by the promotion of small-scale
irrigation (officially launched in 2001 by the Government of Burkina Faso). During the three time
intervals, the noticeable decreases were recorded for bare soils (Figure 6).Remote Sens. 2018, 10, x FOR PEER REVIEW  3 of 21 
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The increase in irrigated agricultural areas between 1987 and 2000 occurred at the expense of wetlands
(or water bodies) and rainfed agricultural areas (Figure 7). This change from wetlands to irrigated
areas was located up the Mogtedo dam where farmers from surrounding villages (Zam nd Talembika)
settled gradually in this area to practice cou ter-season agriculture. The increase in agricultural
areas (irrigated and rainfed) in the Mogtedo region can also be explained by the attractiveness of this
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region for economic migrants since Mogtedo stands as the largest trading center in the region [30,56].
Crops such as rice and vegetables are produced predominantly for export to neighboring countries
(Togo, Niger, and Ghana) [57,58], and can generate substantial incomes. Between 2000 and 2015, the
increase in irrigated agricultural areas was detrimental to bare soils, in addition to rainfed agricultural
land areas. With the boom in small-scale private irrigation and the pressure on existing agricultural
lands, bare soils located near the water reservoir were progressively converted into irrigated areas.
The 2000–2015 time interval was faster in LULC transformations (Figure 8). Between 1987–2000 and
2000–2015 the majority of LULC classes were active in terms of intensity of change (gain or loss)
(Figure 9). Exceptions included hydromorphic soils.
Remote Sens. 2018, 10, x FOR PEER REVIEW  4 of 21 
 
transformations (Figure 8). Between 1987–2000 and 2000–2015 the majority of LULC classes were 







Figure 7. Annual transition intensity for gain of irrigated areas between 1987–2000 (A) and 2000–2015 
(B) in the Mogtedo region. 
 
Figure 8. Time interval change intensity for the periods 1987–2000 and 2000–2015. 
Figure 7. Annual transition intensity for gain of i rigated areas between 1987–2000 (A) and 2000–2015
( ) in t e ogte r i .
Remote Sens. 2018, 10, x FOR PEER REVIEW  4 of 21 
 
transformations (Figure 8). Between 1987–2000 and 2000–2015 the majority of LULC classes were 







Figure 7. Annual transition intensity for gain of irrigated areas between 1987–2000 (A) and 2000–2015 
(B) in the Mogtedo region. 
 
Figure 8. Time interval change intensity for the periods 1987–2000 and 2000–2015. Figure 8. Time interval change intensity for the periods 1987–2000 and 2000–2015.
Remote Sens. 2019, 11, 1442 13 of 18






Figure 9. Annual change intensity for each of the LULC classes between the periods 1987–2000 (A) 
and 2000–2015 (B). 
In terms of acreages, rainfed agricultural areas increased from 2,120 ha in 1987 to 3,455 ha in 
2015 (Figure 10). This included 1,429 ha bare soils which were sown during this period. There was a 
shift of 93.51 ha from rainfed areas to irrigated areas during the same period. Between 1987 and 2015 
irrigated areas increased from 470 ha to 722 ha (+53%) (Figure 10).  
 
 
Figure 10. Acreages of LULC classes in 1987, 2000, and 2015 across the Mogtedo region, as 
determined using Landsat images (this study). 
i r intensity for each of the LULC classe between the p riods 1987–2000 (A) and
2000–2015 (B).
In ter s of acreages, rainfed agricultural areas increased from 2,120 ha in 1987 to 3,455 ha in 2015
(Figure 10). This included 1,429 ha bare soils which were sown during this period. There was a shift of
93.51 ha from rainfed areas to irrigated areas during the same period. Between 1987 and 2015 irrigated
areas increased from 470 ha to 722 ha (+53%) (Figure 10).






Figure 9. Annual change intensity for each of the LULC classes between the periods 1987–2000 (A) 
and 2000–2015 (B). 
In terms of acreages, rainfed agricultural areas increased from 2,120 ha in 1987 to 3,455 ha in 
2015 (Figure 10). This included 1,429 ha ba e soils which were sown during this period. There was a 
sh ft of 93.51 ha from rainfed areas to irrigated areas during the same period. Between 1987 and 2015 
irrigated areas incr ased from 470 ha to 722 ha (+53%) (Figure 10).  
 
 
Figure 10. Acreages of LULC classes in 1987, 2000, and 2015 across the Mogtedo region, as 
determined using Landsat images (this study). 
Figure 10. Acreages of LULC classes in 1987, 2000, and 2015 across the Mogtedo region, as determined
using Landsat images (this study).
Remote Sens. 2019, 11, 1442 14 of 18
The decrease in areas of water bodies found in this study was in line with the conclusions of
Guyon et al. [29], who denoted that the reservoir water volume decreased by ~33% between 1964 and
2014, mainly because of sedimentation. Indeed, the reservoir has been subject to increased silting since
its building [28,59]. Between 1963 and 1991 the rate of silting was about 65,714 m3 year−1 [28] and
109,667 m3 year−1 between 1987 and 2002 [59]; that is, an increase of silting rate of 43,953 m3 year−1
between the two periods. There is also a gradual degradation of the dike and spillway (water erosion,
seeps) despite the several rehabilitation actions [60].
There are few comprehensive available studies dealing with the census of irrigated agricultural
areas in 1987 in Burkina Faso. One of the reliable source was [30] and was based on data collected during
the reservoir building in 1967. Wellens [34] estimated the water consumption (irrigation, livestock
farming, domestic use) at approximatively 3,500,000 m3 year−1 for the study region. Considering
an estimated evaporation rate of 47% per year [29], the volume of water available would be of
3,700,000 m3 year−1, that is a satisfaction ratio of water requirements of 1.07.
Given the precarious balance that exists between water requirements and available water resources,
if the increasing trend towards new irrigated farmland, coupled with the reduced storage capacity of the
Mogtedo (under the effect of sedimentation), continues without any well-managed development plan,
the reservoir would no longer meet the needs of its various users in future. According to Ibrahim [26]
the outlook for climate change based on regional climate models projections (CCLM (COnsortium for
Small scale MOdeling - Climate Limited-area Modelling), RACMO (Regional Atmospheric Climate
MOdel), and RCA (Rossby Centre regional Atmospheric climate model)) for the period 2021–2050
shows a high risk of more variable climate conditions with marked decrease in rainfall and subsequent
non-filling of the water reservoir at the end of the rainy season. Such climate conditions will worsen
the precarious state of the reservoir water use.
The methodology used in this study addressed the challenge of building up historical spatial
information database in data-scarce environments. It relies on first order or higher Markov
chains [61–63], with the difference being the inclusion of rules based on field observations and
expert knowledge. The methodology has been tested successfully in Burkina Faso for discriminating
irrigated agricultural areas across the Kou [17] and Upper-Comoé watersheds [64]. The difference
between the studies relies on the classification technique used (MLC in the former studies and SVM
in this study). The results indicated an increase in irrigated areas by ~70% in 20 years for the Kou
watershed, particularly between 2000 and 2009. For the Upper-Comoé watershed, the same change
detection analysis showed that irrigated areas increased by more than 32% in 29 years (1986 to 2015).
In this study, the SVM classifier outperformed the MLC in two out of the three cases (1987 and
2000; Table 7); there was no difference in performance for the 2015 satellite image. Moreover, the
SVM was used in land use classification analyses in Banfora, Burkina Faso (not shown), with similar
performance compared to MLC (OA and kappa coefficient from the SVM equaled 81.83% and 0.78;
respective values from the MLC being 77.83% and 0.73). Such results indicate that SVM would be a
good choice for classifying satellite RS data when the number of training points is limited.
Table 7. Comparison between the Support Vector Machine (SVM) and Maximum Likelihood Classifier
(MLC) for the classification of the 1987 and 2000 satellite images.
Year Classifier Overall Accuracy (%) Kappa Coefficient
1987 MLC 86.76 0.82
SVM 88.48 0.84
2000 MLC 89.64 0.86
SVM 90.98 0.88
The method used in this study can be applied in different regions or countries with similar
conditions and needs for better irrigation water management. The quantification of changes in LULC
around the Mogtedo reservoir provided insightful information that can be used for decision-support
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in short- and medium-term management plans. However, there are some limits to its application
that need to be addressed. They include the number of LULC classes to be evaluated (several LULC
classes make it uncertain the determination/correction of pixel trajectories) and the time period to be
considered (the longer the period, the more difficult historical field data become ascertainable).
5. Conclusions
We quantified the changes in LULC around the Mogtedo water reservoir between 1987 and 2015
using Landsat imagery. Satellite images were classified using the SVM method, and post-processed
based on and pixel trajectory analysis and correction to improve the classification results. The 2000–2015
period was faster in terms of LULC transformations compared to the 1987–2000 period. Changes
in LULC classes were marked by an increase in irrigated agricultural areas between 1987 and 2000,
at the expense of water bodies and rainfed agricultural areas. Between 2000 and 2015, the increase
in irrigated agricultural areas occurred at the expense of rainfed agricultural areas and bare soils.
With the irrigation water requirements estimated at 3,500,000 m3 year−1 and agricultural areas still
expanding, such a decrease in irrigation water availability threatened the sustainability of agricultural
activities in the Mogtedo region and could lead to more food insecurity and conflicts between the
various stakeholders.
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